The identification of genes essential for bacterial growth and survival represents a 14 promising strategy for the discovery of antimicrobial targets. Essential genes can be 15 identified on a genome-scale using transposon mutagenesis approaches; however, 16 variability between screens and challenges with interpretation of essentiality data hinder 17 the identification of both condition-independent and condition-dependent essential genes. 18 To illustrate the scope of these challenges, we perform a large-scale comparison of multiple 19 published Pseudomonas aeruginosa gene essentiality datasets, revealing substantial 20 differences between the screens. We then contextualize essentiality using genome-scale 21 metabolic network reconstructions and demonstrate the utility of this approach in 22 providing functional explanations for essentiality and reconciling differences between 23 screens. Genome-scale metabolic network reconstructions also enable a high-throughput, 24 quantitative analysis to assess the impact of media conditions on the identification of 25 condition-independent essential genes. Our computational model-driven analysis provides 26 mechanistic insight into essentiality and contributes novel insights for design of future 27 gene essentiality screens and the identification of core metabolic processes.
Introduction
With the rise of antibiotic resistance, there is a growing need to discover new 47 therapeutic targets to treat bacterial infections. One attractive strategy is to target genes 48 that are essential for growth and survival [1] [2] [3] [4] . Discovery of such genes has been a longreplicates, and read depth, likely also contribute. 142 To determine potential core essential genes (i.e., genes that are essential regardless 143 of media or other conditions), we measured the number of genes that were shared by all of 144 the screens for either PAO1 or PA14. Surprisingly, only 17 genes were shared by all PAO1 145 screens while 192 genes were shared by all PA14 screens. These numbers of core essential 146 genes are lower than expected, particularly for strain PAO1. Typically, essential genes are 147 thought to number a few hundred for the average bacterial genome [21] . We reasoned that 148 this unexpectedly low number of observed core essential genes might be due to the variety 149 of media conditions across the PAO1 screens, so we repeated our analysis focusing only on 150 the LB media screens for both PA14 and PAO1 ( Figure S2 ). Interestingly, the trends 151 remained the same, with 434 genes shared across both PA14 LB media screens and only 44 152 genes shared across all PAO1 LB media screens. Overall, the PA14 screens had higher 153 numbers of essential genes compared to those for PAO1, with all the PA14 screens having 154 at least 400 essential genes. In contrast, there were four PAO1 screens with less than 350 155 essential genes. Together, these differences suggest greater variability for transposon 156 mutagenesis in PAO1 compared to PA14. Strain-specific differences in essentiality have 157 been reported previously but are underappreciated [22] . This result adds to the growing 158 literature emphasizing how the genetic background of the strain analyzed may impact the 159 identification of essential genes. Nevertheless, the identified core essential genes point to 160 genes that may potentially be indispensable for bacterial growth and survival regardless of 161 condition. 162 Taken together, results from this comparison revealed vast differences between the 163 candidate essential gene lists across screens, even for those from the same media 164 condition. These differences may be due to a number of factors such as experimental 165 screening approach, library complexity, read depth, and downstream data analysis. 166 Ultimately, this variability complicates the discovery of essential genes with high- 167 confidence.
169
Contextualization of gene essentiality datasets using genome-scale metabolic network 170 reconstructions 171 172
A central challenge of transposon mutagenesis screens lies in the interpretation of 173 why a gene is or is not essential in a given condition. Here, we demonstrate the utility of 174 genome-scale metabolic network reconstructions to contextualize gene essentiality and 175 provide mechanistic explanations for the essentiality status of metabolic genes. To do this, 176 we compared the in vitro candidate essential gene lists to predicted essential genes from 177 the PAO1 and PA14 GENREs [23] . These GENREs were previously shown to predict gene 178 essentiality with an accuracy of 91% [23] . For both models, we simulated in silico gene 179 knockouts under media conditions that approximated those used in the in vitro screens and 180 assessed the resulting impact on biomass synthesis as an approximation for growth 181 (Dataset_S3, Dataset_S4). Genes were predicted to be essential if biomass production for 5 182 the associated mutant model was below a standard threshold. Predicted essential gene lists 183 for both the PAO1 and PA14 models under the different media conditions were compared 184 to the candidate essential gene lists for each of the experimental screens and the matching 185 accuracy between model predictions and the in vitro screens was assessed (Figure 2A , 186   Table S2 ). 187 As expected, most genes were identified as nonessential by both the screens and the 188 models. These nonessential genes likely encode redundant features in the metabolic 189 network, such as isozymes or alternative pathways, or are involved in accessory 190 metabolism, such as the production of small molecule virulence factors. Interestingly, the 191 number of screen-essential genes predicted as nonessential was significantly larger than 192 the number of screen-nonessential genes predicted as essential (p < 0.01, as measured by 193 Wilcoxon signed-rank test). We hypothesize that the reason for this difference is due to the 194 increased likelihood of an in vitro screen missing a gene, potentially due to gene length or 195 transposition cold spots [16] , and subsequently incorrectly identifying it as essential.
196
This analysis can help to provide specific functional explanations for essentiality.
197
Where there is agreement between the model predictions and in vitro screens, we can use 198 the network to explain why a gene is or is not essential. Similarly, we can analyze the 199 network to explain why a gene may be essential in one media condition versus another. A 200 mismatch denotes some discrepancy between the model predictions and the experimental 201 results. These mismatches may point to a gap in the model, indicating that it is missing 202 some relevant biological information. Alternatively, the mismatches may be due to 203 experimental variability such as differences in environmental conditions or technique.
204
To begin contextualizing the gene essentiality datasets using the GENREs, we 205 focused on metabolic genes that were identified as essential or as nonessential in all LB 206 screens for either PAO1 or PA14 (which we termed "consensus essential genes" and 207 "consensus nonessential genes", respectively) (Table S3 , Dataset_S5, Dataset_S6).
208
Consensus essential genes have a greater likelihood of being truly essential rather than 209 experimental artifacts since they were identified as such in multiple independent screens. 210 We then compared these lists of consensus essential genes and consensus nonessential 211 genes to the model predictions of essentiality in LB media.
212
From this comparison, we found 45 of 113 consensus essential genes predicted to 213 be essential by the PA14 model and 777 of 800 consensus nonessential genes predicted to 214 be nonessential by the PA14 model. For PAO1, we found seven of 15 consensus essential 215 genes predicted to be essential by the PAO1 model and 843 of 863 consensus nonessential 216 genes predicted as nonessential by the PAO1 model (Table S3 ). The low number of 217 consensus essential genes for PAO1 reflects the high variability between screens, as 218 highlighted in Figures 1 and S1. 219 We then used the models to delineate subsystem assignments for the model- for PAO1). As expected, the consensus nonessential genes spanned most subsystems within 222 the network, likely due to redundancy in the network as well as the presence of accessory 223 metabolic functions that are not critical for biomass production. In contrast, for PA14, the 224 consensus essential genes were limited to seven of the 14 subsystems within the network 225 (note that this trend does not hold for PAO1 because there were very few consensus 226 essential genes to consider). These seven subsystems capture metabolic pathways that are 227 critical for bacterial growth and survival. For instance, lipid metabolism is essential for 6 228 building and maintaining cell membranes, while carbohydrate metabolism is critical for 229 ATP generation. None of the genes involved in transport were consensus essential genes.
230
Because we only considered screens performed in LB media, transport of individual 231 important metabolites, such as a specific carbon sources, was not a limiting factor given the 232 abundant availability of such compounds in rich media conditions. However, we would 233 expect that if we considered screens performed under minimal media conditions, relevant 234 transport genes would be essential for bacterial growth.
235
Because these consensus essential genes were also predicted to be essential by the 236 model, we can use the network to provide functional reasons for essentiality. For example, 237 both the model and screens identified the gene adk, encoding adenylate kinase, as essential.
238
Using the model, we determined that when adk is not functional, the conversion of Glucosamine phosphate is an essential precursor to both Lipid A, a component of the 246 endotoxin lipopolysaccharide, and peptidoglycan, which forms the cell wall ( Figure 2D ).
247
For each of the model-predicted consensus essential genes, we identified which biomass 248 components could not be synthesized when the gene was removed from the model 249 (Dataset_S7 and Dataset_S8). Further analysis is necessary to tease out the metabolic 250 pathways that prevent synthesis of these biomass metabolites; however, from the 251 examples above it is evident that GENREs can provide both obvious and non-obvious 252 functional explanations for essentiality, streamlining the interpretation of transposon 253 mutagenesis screens.
254
In addition to identifying consensus essential and nonessential genes that were in 255 agreement with the models, we also uncovered discrepancies between model predictions 256 and experimental results. For PAO1 and PA14, respectively, there were 8 and 68 consensus 257 essential genes that the models predicted to be nonessential and 20 and 23 consensus 258 nonessential genes that the models predicted to be essential. These mismatches between 259 model predictions and experimental results provide insight into gaps in our understanding 260 of P. aeruginosa metabolism.
261
In the case where a consensus essential gene was predicted to be non-essential by 262 the model, this result indicates that the model has some additional functionality that is not In contrast, in the case where a consensus nonessential gene was predicted to be 270 essential, this result indicates that the model is missing key functionality, pointing to areas 271 of potential model curation. Using this list of discrepancies to guide curation (Table 2) , we 272 performed an extensive literature review and found several suggested changes to the 273 metabolic network reconstruction (Dataset_S9). For instance, we incorrectly predicted as 7 274 essential the gene fabI (PA1806), which is linked to triclosan resistance; however, a recent 275 study discovered an isozyme of fabI in PAO1 called fabV (PA2950) [26] . To account for this 276 new information, we suggest changing the gene-protein-reaction (GPR) relationship for the 277 28 reactions governed by fabI to be "fabI OR fabV", making fabI no longer essential in the 278 model. Additionally, our model incorrectly predicted the genes ygiH (PA0581) and plsX 279 (PA2969) to be essential due to a GPR formulation of "ygiH AND plsX" for several reactions 280 in glycerolipid metabolism. Literature evidence suggests that the gene-product of plsB 281 (PA3673) is also able to catalyze these reactions. Specifically, the gene-products of both 282 plsB and the ygiH/plsX system are able to carry out the acylation of glycerol-3-phosphate 283 from an acyl carrier protein whereas only the gene-product of plsB is able to carry out this 284 reaction for acyl-CoA thioesters [27, 28] . This experimental evidence motivates changing 285 the GPRs for 16 reactions in glycerolipid metabolism.
286
In addition to changes in the GPR formulation for specific reactions, we also 287 identified a potential change to the biomass reaction. Two PAO1 genes, glgA (PA2165) and 288 algC (PA5322), are incorrectly predicted as essential for the synthesis of glycogen, a 289 biomass component. Glycogen is not an essential metabolite for P. aeruginosa growth; 290 however, it is very important for energy storage, which is why it was initially included in 291 the biomass reaction [29] . Removal of glycogen from the biomass equation would make 292 glgA and algC accurate predictions as nonessential genes in PAO1. Implementing these 293 proposed changes in the PAO1 and PA14 GENREs resulted in enhanced predictive 294 capability of the models (Dataset_S10, Dataset_S11, Table S3 ). The updated PAO1 model 295 predicted consensus gene essentiality status in LB media with an accuracy of 97.4% 296 compared to 96.8% for the original model. Meanwhile, the updated PA14 model predicted 297 consensus gene essentiality status in LB media with an accuracy of 90.5% compared to 298 90.0% for the original mode. It is worth noting that, although these changes to the 299 reconstructions were made to address essentiality discrepancies in LB media conditions, 300 they also improved the PAO1 model predictive capabilities for consensus genes in sputum 301 media, increasing accuracy from 92.6% to 93.0%.
302
While we identified several changes to the model to improve predictions, there were 
310
In addition to contextualizing essentiality for a given media condition, we also used 311 the model to explain why certain metabolic genes are essential in one media-type versus 312 another. We compared consensus LB essential genes to consensus sputum essential genes 313 for PAO1 and identified the essential genes that were either shared by both conditions or 314 unique to one condition versus the other. Overall, 18 genes were commonly essential, while 315 92 genes were uniquely essential in sputum and 26 genes were uniquely essential in LB, 316 indicating the presence of condition-dependent essential genes. 317 We then focused our analysis just on those genes that were also present in the PAO1 318 model and compared these lists to model predictions. We found four genes that both the 319 model and the screens indicated as uniquely essential in sputum but not in LB.
Interestingly, all four of these genes (pyrB, pyrC, pyrD, and pyrF) are involved in pyrimidine 321 metabolism. Applying flux sampling [30] to the PAO1 metabolic network model, we 322 investigated why these four genes were uniquely essential in sputum but not in LB ( Given the variability in the number of candidate essential genes across the screens, 344 we were interested in using the models to quantitatively evaluate the impact of media 345 conditions on essentiality. We first focused our analysis on how the number of considered 346 minimal media conditions impacts the number of condition-independent essential genes 347 identified, or the number of genes found as essential in every condition. To do this, we 348 simulated growth of the PA14 model on 42 different minimal media and performed in silico 349 gene knockouts, identifying the genes essential for biomass production on each media 350 condition ( Figure 3A ). We then randomly selected groups of minimal media conditions and 351 compared their essential gene lists to determine the commonly essential genes, defined as 352 the overlap. We performed this random selection of minimal media conditions for group 353 sizes ranging from two to 40 minimal media conditions considered. For each group size, we 354 randomly selected minimal media conditions 500 times. As expected, the more media 355 conditions considered, the smaller the overlap of essential genes ( Figure 3B ). This replicates and potentially even more screens to truly identify condition-independent 363 essential genes with high confidence. 364 We next assessed how modifications to a rich media, like LB, impact gene 365 essentiality. LB is a complex media with known batch-to-batch variability [31,32], 9 366 motivating this analysis of how differences in LB composition can alter essentiality. Given 367 the challenge of modeling concentration, here the simulations focus on the presence or 368 absence of metabolites in LB media. Specifically, we randomly selected carbon source 369 components from LB media in sets of varying sizes, ranging from two to 21 LB media 370 components considered. We then used these sets as the model media conditions and 371 performed in silico gene knockouts to identify essential genes for biomass production on 372 each LB media formulation ( Figure 4A ). For each set size, we randomly selected LB 373 components 100 times and calculated the average number of essential genes identified as 374 well as the number of shared essential genes across all 100 sets. As the number of LB media 375 components increases, we found that the size of the essential gene lists decreases linearly 376 ( Figure 4B ). If we were to consider even more media components beyond the scope of LB, 377 we predict that this linear relationship would eventually plateau due to limitations in the 378 metabolic network. This result suggests that a media richer than LB may be necessary to 379 identify a core set of condition-independent essential genes. 380 Interestingly, we found that as more complex LB media formulations are 381 considered, the number of shared essential genes across 100 simulations quickly converges 382 on 111. Indeed, only three LB media components were needed to achieve this overlap. 383 Thus, even though the average size of essential gene lists is larger for less complex media 384 formulations, the overlap of these larger essential gene lists still results in the same overlap 385 as more complex media formulations, suggesting that changes in complex media 386 formulation have minimal impact on determining a core set of essential genes.
387
However, for this analysis, we had compared 100 random media formulations for 388 each set size, potentially masking the impact of media changes on essentiality. To identify 389 how many LB media formulations need to be compared to converge on this overlap value, 390 we re-ran this analysis 10 times and, for each iteration, determined the number of samples, 391 or replicates, needed to recapture the 111 overlapping genes ( Figure 4C ). In more complex 392 media formulations, relatively few comparisons are needed to identify the 111 overlapping 393 essential genes. However, as fewer LB media components are considered, more 394 comparisons need to be made. For example, in the case of formulations consisting of only 395 three LB media components, nearly 60 comparisons are needed to converge on the 111 396 overlap essential genes. Thus, as the media formulation diverges from true LB due to batch-397 to-batch variability, more comparisons are necessary to converge on a core set of essential 398 genes.
399
Taken together, these computational analyses define the scope that is needed to 400 identify condition-independent essential genes. These results suggest that both the number 401 of media conditions and the number of replicates analyzed can impact our ability to 402 determine condition-independent essential genes. The identification of both condition-dependent and condition-independent essential 407 genes has been a long-standing interest [33, 34] . Determination of these essential processes 408 can aid in the discovery of novel antibacterial targets as well as the discovery of minimal 409 genomes required to sustain life [7, 35] . In this study, we performed a large-scale 410 comparison of multiple gene essentiality datasets and contextualized essential genes using 411 genome-scale metabolic network reconstructions. We applied this approach to several P. variability across studies has been suggested but not assessed on a large-scale [1, 38] . Our 430 comparison of multiple P. aeruginosa transposon mutagenesis screens revealed substantial 431 variability in candidate essential genes within and across media conditions, particularly for 432 strain PAO1. Numerous factors may contribute to this lack of overlap between the screens, 433 such as differences in transposon insertion library complexity, differences in data analysis 434 and statistical determination of essentiality, as well as environmental variability between 435 the screens [8, 9] . Factors such as these lead to discrepancies between screens and 436 complicate our ability to identify high-confidence sets of condition-dependent and 437 condition-independent essential genes.
438
Focusing on one of these factors, we used the metabolic model of P. aeruginosa 439 strain PA14 to quantitatively assess how media formulation impacts the identification of 440 condition-independent essential genes. While previous in vitro studies have surveyed 441 conditional essentiality in numerous environmental conditions, these screens used an 442 already established mutant library for each media-type [39] . In this work, we 443 computationally generated de novo mutant libraries for individual media conditions, 444 eliminating any bias from starting with an established mutant library. Ultimately, we found 445 that to determine a high-confidence set of core essential genes for minimal media 446 conditions, more than 40 minimal media formulations need to be compared. We extended 447 this analysis to consider how differences in rich media formulations impact gene 448 essentiality and found that as rich media formulations diverge, as many as 60 replicates are 449 needed to identify condition-independent essential genes with high-confidence. Taken 450 together, these computational results suggest a rich opportunity for a large-scale 451 experimental effort to identify with high confidence condition-independent essential genes.
452
These insights would be impossible to garner without computational modeling due to the 453 sheer number of comparisons made.
454
In addition to variability between datasets, a central difficulty of performing gene 455 essentiality screens lies in the interpretation of why a gene is essential in a given condition. 456 Oftentimes, laborious follow-up experiments are necessary to investigate the role of a gene 457 in a given condition using lower-throughput approaches [36] . Here, we presented a 11 458 strategy for contextualizing gene essentiality data using genome-scale metabolic network 459 reconstructions. We demonstrated the utility of this approach by providing functional 460 reasons for essentiality for consensus LB media essential genes. For these genes, we 461 determined which specific components of biomass could not be synthesized when the gene 462 was knocked out. Additionally, by analyzing the network structure and flux patterns, we 463 used the model to explain why certain genes are essential in one condition versus another.
464
Our computational approach provides testable hypotheses regarding the functional role of 
549
Open reading frame assignments were modified where 10% of the 3' end of every gene was 13 550 removed in order to disregard insertions that may not interrupt gene function. Aligned 551 reads were mapped to genes and we removed the 50 most abundant sites to account for 552 potential PCR amplification bias. We applied weighted LOESS smoothing to correct for 553 genome position-dependent effects. One-hundred random datasets were generated by 554 randomizing insertion locations. Previous analysis showed that results begin to converge 555 after 50 random datasets [18] . We compared the random datasets to the experimental 556 datasets with a negative binomial test in DESeq2. We corrected for multiple testing by 557 adjusting the p-value with the Benjamini-Hochberg method. We used the mclust package in 558 R to test whether a gene was 'reduced' or 'unchanged'. Genes were called 'essential' if they 559 were assigned to the 'reduced' category by mclust with an adjusted p-value <0.05 and 560 uncertainty <0.1.
562
Model gene essentiality predictions 563 564 In silico gene essentiality screens were performed in relevant media conditions using the 565 PAO1 and PA14 genome-scale metabolic network reconstructions [23] . Specifically, media 566 formulations were computationally approximated for LB, sputum, pyruvate minimal media, 567 and succinate minimal media for the PAO1 simulations and LB and sputum for the PA14 568 simulations. Systematically, genes were deleted from the models one-by-one and the 569 resulting impact on biomass production was assessed. If biomass production for the 570 associated mutant model was below 0.0001 h -1 , a standard threshold, the knocked-out gene 571 was predicted to be essential [23] . For each in silico predicted essential gene, we 572 determined which biomass components specifically could not be synthesized using the For each of the consensus essential and nonessential genes that were also present in the 581 PAO1 and PA14 models, we determined which subsystems they participated in using an in-582 house script (see Supplementary Information) . Briefly, we first converted model 583 subsystems to broad subsystems based on KEGG functional categories [43] . We then 584 identified the reactions associated with the gene of interest and used the broad subsystem 585 of this reaction to indicate the subsystem assignment for the gene of interest. Where there 586 was more than one reaction connected to a gene, we used the reaction associated with the 587 first instance of the gene in the network for subsystem assignment. The impact of media formulation on gene essentiality predictions was assessed using the 606 PA14 genome-scale metabolic network reconstruction. For the minimal media analysis, the 607 PA14 model was grown on 42 different minimal media and in silico essential genes were 608 identified as described above. We then randomly selected groups of minimal media 609 conditions of varying sizes, ranging from two to 41 minimal media conditions considered, 610 and found the intersection of the group's predicted essential gene lists, or the genes that 611 were identified as essential in every condition considered within that group. For each 612 group size, we randomly selected minimal media conditions 500 times.
614
For the LB media analysis, we randomly selected components from LB media in sets of 615 varying sizes, ranging from two to 21 LB media components considered, used these sets as 616 the model media conditions, and identified in silico essential genes as above. For each set 617 size, we randomly selected LB components 100 times and calculated the average total 618 number of essential genes identified and the intersection of the essential genes across all 619 100 sets. To determine how many LB media formulations needed to be compared to 620 converge on this intersection, we re-ran this LB media formulation analysis 10 times and, 
667
(B). Functional subsystems for PA14 consensus essential and nonessential genes that were 668 also correctly predicted to be essential or nonessential in the PA14 GENRE. Consensus 669 essential and nonessential genes were identified for PA14 by comparing all three LB 670 screens and determining genes essential or nonessential in all three screens. Dataset_S4.xls -PA14 model predicted essential genes for in silico screens 879 Model predicted essential genes lists for PA14 growth simulated on LB media and 880 Sputum media. Model predicted essential genes are marked with a '1', while non-881 essential genes are marked with a '0'.
883
Dataset_S5.xls -PAO1 consensus metabolic essential/non-essential genes 884 Lists of consensus metabolic essential and non-essential genes for PAO1 on LB 885 media and Sputum media.
887
Dataset_S6.xls -PA14 consensus metabolic essential/non-essential genes 888 Lists of consensus metabolic essential and non-essential genes for PA14 on LB 889 media.
891
Dataset_S7.xls -Biomass precursors for PAO1 model predicted consensus essential genes 892 List of biomass precursors that cannot be synthesized when PAO1 model predicted 893 consensus essential genes are removed from the model.
895
Dataset_S8.xls -Biomass precursors for PA14 model predicted consensus essential genes 896 List of biomass precursors that cannot be synthesized when PA14 model predicted 897 consensus essential genes are removed from the model. Model predicted essential genes lists for PAO1 growth simulated on LB media and 906 Sputum media. Model predicted essential genes are marked with a '1', while non-907 essential genes are marked with a '0'.
909
Dataset_S11.xls -PA14 model predicted essential genes for in silico screens for the updated 910 PA14 model 911 Model predicted essential genes lists for PA14 growth simulated on LB media.
912
Model predicted essential genes are marked with a '1', while non-essential genes are 913 marked with a '0'. Table S2 . Percent accuracy between model predictions of essentiality and in vitro identified 927 essential genes. 928 929 Table S3 . Consensus metabolic essential and non-essential genes for PAO1 and PA14 media 930 conditions with more than two screens. Functional subsystems for PAO1 consensus essential and nonessential genes that were also 958 identified to be essential or nonessential in the PAO1 genome-scale metabolic network 959 model. Consensus essential and nonessential genes were identified for PAO1 by comparing 960 all three LB screens and identifying those genes which were either essential or 961 nonessential in all three screens. 34 962 963 Table S3 . Consensus metabolic essential and non-essential genes for PAO1 and PA14 969 media conditions with more than two screens.
